Introduction
Peatland has a very important role in maintaining the balance of the ecosystem, especially in water regulation, biodiversity conservation, climate change mitigation and support human welfare. Peatland area covers more than 400 million hectares in 180 countries and represents a one-third of global wetlands [7] . Despite tropical peatlands cover only 10-12% of total peatland in the world, but tropical peatlands have a significant role as natural resource that is valuable and important in global environment [9] . Forest fires and peatland is one of the environmental problems in Indonesia that have an impact on the global environment and the ASEAN region, particularly with regard to "transboundary haze pollution" and the emission of greenhouse gases such as carbon dioxide that is an important element in global warming. Emissions of carbon produced from peat fires are the biggest contributors of carbon emissions nationwide followed by changes in land and forest sector, industry, transport and households. Controlling forest and peatland fires requires an early warning system and an early detection system. Hotspot is still an indicator of forest and land fires in Indonesia. This is due to the accuracy of hotspots that is acceptable and accessibility of hotspot data. Not all the hotspots become strong indicator of forest and land fires. The incidence of hotspots consecutively at least two days in a location can be a strong indicator of land and forest fires, particularly in peatland. Spatio-temporal data mining approach, sequential pattern mining particularly, can be used to obtain sequence patterns of hotspots in question. Furthermore, sequence patterns of hotspots are analyzed based on the characteristics of the area where the sequences found. The characteristics include the type and depth of peat soil as well as weather conditions in the region.
Sequential pattern mining is extracting sequential patterns that its support value exceeds the pre-defined minimum support. Based on the support values, patterns that are less attractive can be ignored so that mining process becomes more efficient [12] . Some sequential pattern mining algorithms include Generalized Sequential Pattern (GSP), SPADE, Prefixspan, and Clospan. GSP is one of the algorithms for solving sequential pattern based on the Apriori principle in pruning candidate sequences. SPADE (Sequential PAttern Discovery using Equivalent Class) was developed by [11] . The SPADE algorithm applies a vertical format sequential pattern mining method in which a sequence database is mapped to a large set of item or event. Prefixspan uses the projected data base by creating a prefix of the sequence in extracting sequential patterns [8] . CloSpan (Mining Closed Sequential Patterns) reduces the number of redundant patterns by applying Backward Subpattern and Backward Superpattern pruning to prune redundant search space.
Research related to the application of sequential pattern mining techniques on hotspot datasets have been conducted by [1] and [6] . Reference [1] applied the Clospan algorithm [5] which is its implementation is available in the Sequential Pattern Mining Framework (SPMF) [10] . In this work, sequential patters were extracted from the dataset with several minimum support values in the range 1% to 20%. The dataset consists of hotspots and precipitation in the period 2001 to 2010 in Riau Province Indonesia. The study showed that hotspots were occurred sequentially in temperature of 28.33 -30°C. Another study by [6] applied the Prefixspan algorithm [4] to determine sequential patterns on hotspot datasets. Sequential patterns of hotspots with a time span of 2 to 3 days are considered as strong indicator for forest and land fires in Riau Province Indonesia. The study states that about 16.95% of 18,856 hotspots in 2014 were occurred sequentially [6] .
The objective of this study is to discover sequential patterns of hotspots in Sumatra Island Indonesia in 2014 and 2015. Furthermore, associations between the sequential patterns of hotspots and weather condition in Sumatra are identified using the Apriori algorithm. The weather data include humidity (%), average temperature (˚C), and rainfall (mm).
In section (2) we discuss the study area and data used in this work. Section (3) discusses the steps performed to obtain the objective of this work. In addition, in Section (3) we provide an overview of sequential pattern mining and association rule mining. Result and discussions are briefly discussed in Section (4). We end with summary and future work in Section (5).
Study Area and Data
The data used in this study are hotspots in Sumatra Island Indonesia in the period of January 2014 to December 2015. The hotspots data are selected only those have confidence equal to or greater than 70%. The data were collected from National Aeronautics and Space Administration (NASA) Fire Information for Resource Management (FIRMS) (http://earthdata.nasa.gov). The attributes of hotspots that are used to generate sequence pattern of hotspots include longitude, latitude, and acq_date. Longitude and latitude represent the location of a hotspot. acq_date denotes the acquisition date of a hotspot. Number of hotspots is 14,237 in the dataset Sumatra 2014 and 16,720 in the dataset Sumatra 2015. In addition to hotspot data, peatland layer and district border layer of Sumatra Island were used to select the study area and to analysis the sequence patters of hotspot. Peatland layer consists of three main features namely peat type, peat depth, and land cover. This layer was collected from Wetland International. Weather data were collected online from Bureau of Meteorology and Climatology Indonesia that are available on http://dataonline.bmkg.go.id/ in Microsoft Excel format (.xls). The weather dataset is in the period 2014-2015 including average temperature (˚C), average humidity (%), and precipitation (mm).
Methodology
There are three main steps in this work: data preprocessing, sequential pattern generation from hotspot datasets, association rule mining on the dataset of hotspot sequences and weather condition in Sumatra Indonesia 2014 and 2015. Data pre-processing consists of several stages, namely, data selection, data cleaning, data transformation, and sequential dataset generation. Data selection was conducted to select the data and attributes that are used in research. In addition, we eliminated hotspots which are outside the peatlands in Sumatra. Data transformation was performed in preparation of sequential dataset. Data cleaning handled missing values on weather data that are represented as 9999 and 8888. The 9999 indicates the absence of data, while 8888 indicates the data are not measurable. Missing values were replaced by the average value of weather data on a day before and after the date of missing values. In the step of sequential data generation, a task relevant dataset was prepared as the input of the SPADE algorithm. The dataset includes SID, Tid, size and items. SID represents the attribute of longitude and latitude, Tid denotes date code, size represents number of hotspot occurrences in the same location and date, and items denotes a list of date code that appear as many value of size. These preprocessing steps were done utilizing the software R, Quantum GIS PostgreSQL and PostGIS.
Sequential Pattern Mining
Sequential pattern is a sorted list of an item, data, or event. Set of the items contained in a sequence is called sequence elements. Suppose D is a database of customer transactions. I = I1, I2, ..., Im is a set of m items. T is a transaction that contains {customer_id, transaction_time, item_purchased}. si is an itemset that contains itemset I. S is a sequence containing a sorted list of itemset <s1, s2, ..., sn> [12] . In sequential pattern mining, we discover subsequences that are frequently found in the sequence dataset. Suppose given sequence α = <a1, a2, ..., an> and β = <b1, b2, ..., bm>, α is a subsequence of β, denoted α ⊆ β if there is an integer 1≤ j1 <j2 < ... <jn ≤ m such that a1⊆ bj1, a2 ⊆ bj2, ..., an ⊆ bjn. β is a supersequence of α [2] . Sequential pattern mining extracts sequential patterns that its support value exceeds pre-defined minimum support. Support of the sequence s is defined as the fraction of transactions that support these sequences. Based on the minimum support value, the patterns that are less attractive can be ignored so that the mining process becomes more efficient [12] .
This study applied SPADE (Sequential Pattern Discovery using Equivalence classes) [11] to find sequence patterns on hotspot datasets. Figure 1 shows the outline of SPADE algorithm to determine frequent 1-sequences, frequent 2-sequences, up to frequent ksequences [11] .
Extracting frequent 1-sequences is the first step in the SPADE algorithm after determining a minimum support. Frequent 1-sequences are all sequences that have length of 1 event and its support value greater than or equal to the minimum support. For the next step, all items that are frequent 1-sequences will be a parent class in the creating frequent k-sequences. In the process of frequent k-sequences generation, a ksequence is obtained by combining a k-1 frequent sequence with another k-1 frequent sequence. Figure 2 shows the process to generate all possible sequences ( [11] .
Association Rule Mining
Association rule mining is a data mining technique that aims to find an interesting relationship between the items hidden in a large dataset. The interesting measures that are commonly used in association rule mining are as follows [ This work applied the Apriori algorithm to extract association between sequence of hotspots and weather condition in Sumatra Indonesia 2014 and 2015. The Apriori algorithm discovers frequent itemsets and association rules in a transactional dataset that have support and confidence greater than the user-specified minimum support (minsup) and minimum confidence (minconf) respectively. The Apriori algorithm is as follows [2] :
Lk is a set of large k-itemsets in Figure 3 . This set contains k-itemsets that its support values meet minimum support. Ck is a set of candidate k-itemsets. Itemsets in this set are potentially to be large itemsets.
In the Apriori algorithm, the apriori-gen function has the argument Lk−1 i.e. the set of all large (k−1)-itemsets. The output of this function is a superset of the set of all large k-itemsets [2] .
Results and Discussion
Sequential patterns of hotspots were obtained at the minimum support of 0.01 by utilizing the SPADE algorithm that is available in R package 'arulesSequence'. Number of 2-frequent sequences and 3-frequent sequences generated is 28 and 91 from the dataset of hotspot Sumatra 2014 and the dataset of forall candidates c ∈ Ct do 7) c.count ++; 8) end 9) Lk = {c ∈ Ck | c.count ≥ minsup} 10) end 11) Answer = ∪kLk; Figure 3 . Apriori algorithm [2] hotspot Sumatra 2015 respectively. Frequent sequences generated on the dataset of hotspot Sumatra 2014 are as follows (Figure 4) .
The most frequent sequences in the hotspot dataset in Sumatera 2014 is <{70},{72}> with the support of 0.0381117 (Figure 4 ). This sequence states that hotspots were occurred on March 11, 2014 (date code 70) and these occurrences were followed by other hotspots on March 13, 2014 (date code 72). This sequence patterns are found in 63 villages in Sumatera Islands including Sepahat in sub district of Bukit Batu, Bengkalis district, Riau Province. Ground verification was conducted on this site on June 12, 2015. Figure 5 shows burn area in 2014 in sub district of Bukit Batu, district of Bengkalis, Riau Province.
Frequent sequences generated on the dataset of hotspot Sumatra 2015 are as follows ( Figure 6 ).
The most frequent sequences in the hotspot dataset in Sumatera 2015 is <{297}, {299}> with the support of 0.032258065 ( Figure 6 ). This sequence states that hotspots were occurred on October 24, 2015 (date code 297) and these occurrences were followed by other hotspots on October 26, 2015 (date code 299). This sequence patterns are found in 22 villages in Sumatera Islands.
Our analysis focuses on the 2-frequent sequences and the 3-frequent sequences in which hotspots in the sequences are occurred consecutively in the duration of 2-5 days. Hotspots that appear in these sequences can be a strong indicator of peatland fires and we denote these patterns as fire spots.
Weather condition of the hotspot sequences are also identified in this study using the association rule mining approach. Number of association rules generated on the hotspot dataset Sumatra 2014 is 115 rules. These rules contain weather conditions that are coincided with the location of the hotspot sequences. The weather conditions are as follows rainfall in the interval 0-0.9 mm, the average temperature between 26.50 and 27.89˚C, and the average humidity between 70.1 and 8.2%. The strongest rule is {sid = SID1768 (Sepahat village in Riau Province)} => {rainfall = (0-0.9 mm)} that has support of 0.0019, confidence of 0.9, and lift of 1.8421.
Number of association rules generated on the hotspot dataset Sumatra 2015 is 146 rules. These rules contain weather conditions that are coincided with the location of the hotspot sequences. The weather conditions are as follows no rain (rainfall of 0 mm), the average temperature between 27.02 and 29.13˚C, and the average humidity between 68.6 and 77.7%. The strongest rule is {sid=SID4928 (Ujung Tanjung village in South Sumatra province} => {no rain} that has support of 0.0022, confidence of 1, and lift of 1.0024. Association rules verification will be conducted in the future works by comparing the patterns with the secondary data related to real peatland fires in the study area. Such data are collected by governmental institutions under the Ministry of Environment and Forestry, Republic of Indonesia.
Summary and Future Work
This study has successfully discovered the sequence patterns of hotspot in Sumatra Indonesia 2014 and 2015 by applying the sequential pattern mining algorithm SPADE. The analysis focuses on the 2-frequent sequences and 3-frequent sequences in which the incidence of hotspots consecutively at the duration of 2-3 days can be a strong indicator of peatland fires. The sequence patterns were combined with weather data to identified association between hotspot sequences and weather conditions in the location where the sequences take place. The results show that the hotspot sequences in Sumatra in 2014 are frequently occurred in the following weather conditions: average humidity between 70.1% and 78.2%, average temperature between 26.50˚C and 27.89˚C, and precipitation of 0 and 0.9 mm. In addition, the hotspot sequences in Sumatra in 2015 are frequently occurred in the following weather conditions: average humidity between 68.6% and 77.7%, average temperature between 27.00˚C and 27.69˚C, and precipitation of 0 mm.
In the future work, we will conduct hotspot sequences verification through field work. In addition, verification will also be performed by utilizing satellite image for burn area in Sumatera island Indonesia.
